This paper explores the predictive power of the volatility index (VIX) in emerging markets from December 2006 to March 2010. The results of the study show that the models including both the volatility indicator and the option market information have a stronger predictive power. The predictive power of the models is improved by 88% in explaining the future volatility of stock markets, much better than that of other models merely considering the volatility indicator. With respect to the trading information from different types of investors in option markets, the trading information from the foreign institutional investors in option markets demonstrates a significantly positive relationship with the stock market volatility. In addition, the results of this paper also reveal that the volatility index (TVIX) of Taiwan stock index options is a strong indicator of future stock market volatility. The TVIX outperforms the historical volatility and the GARCH volatility forecast in assessing the activities of Taiwan's stock market.
Introduction
The volatility of financial markets usually demonstrates a continuous and clustering character (Poon and Granger, 2005) and has attracted widespread attention. The majority of researchers adopt the historical volatility, implied volatility, and time series volatility models to conduct different types of volatility prediction research. However, most of them fail to reach a consensus due to the fact that the market volatility has always been unpredictable. Thus, the optimal solution can be found if the model can achieve the least prediction error.
In 1993, the Chicago Board Options Exchange (CBOE) launched a volatility index (VIX) based on the calculations of the S&P 100 stock index options. It provides more comprehensive information and the trading guidance to investors by means of observing the changes in the future volatility of the stock market. The volatility index has become the leading indicator for measuring and predicting the performance of stock markets in the U.S. since then. In 2003, the CBOE adjusted its volatility index by adopting the S&P 500 index options as the core criteria to provide traders and hedgers with more accurate figures by broadly analyzing the put and call option contracts of the S&P 500 index. After the CBOE launched a new version of the volatility index, it renamed the code of the old version of the volatility index from 1993 as VXO and retained the VIX for the new version, in order to make a difference. The new method is more practical than the former method in the real life scenarios. The VIX uses the current prices of the S&P 500 index options to reflect investors' expectations regarding the stock market volatility over the next 30 days (Whaley, 2009) . A higher VIX indicates that market traders are expecting a higher volatility in the stock index, while a lower VIX suggests that only a moderate fluctuation is expected in the stock index. As the VIX is meant to reflect investors' expectations, it has also been referred to as "the investor fear gauge." markets. For example, in the 1998 LTCM and the 2002 WorldCom bankruptcy, the VIX rapidly increased to a level over 40. In the 2007 worldwide financial tsunami caused by the sub-prime mortgage crisis, the VIX even exceeded 80 when the Lehman Brothers filed for bankruptcy. Hence, the research conducted by Aboura and Villa (2003) , Majmudar and Banerjee (2004) , Corrado and Truong (2007) , and Whaley (2009) indicates that the VIX serves as a powerful predictive indicator of the developed derivative markets. Meanwhile, exploring the predictive power and accuracy of different models and volatility indicators regarding the future stock market volatility has become one of the major topics in the field of risk management of financial markets in recent years. Granger (2003, 2005) reviewed 93 papers addressing the predictive performances of the volatility indicators over the last 20 years and pointed out that most papers suggest that the implied volatility generates the greatest predictive power, followed by the volatility measured by the GARCH family models and the historical volatility.
Transactions of index options in Asia have grown rapidly in recent years. The trading volume of index options increased from 40 million contracts in 1998 to 3,057 million contracts in 2008, a 54% compound annual growth rate exceeding those in America and Europe. Taiwan Futures Exchange (TAIFEX) launched the Taiwan Stock Exchange capitalization weighted stock index (TAIEX) options in 2001, with the trading volume increasing very quickly and ranked the sixth place in the world financial markets in 2008, behind only Korea and India among the Asian countries (Note 1). Therefore, in this study, we intend to compare the predictive performance of the historical volatility, the implied volatility, the volatility index (TVIX) of Taiwan stock index options, and the GARCH volatility forecasts, regarding the future stock price movements in Taiwan. Besides, the valuable detailed trading information with respect to TAIEX options for different types of investors recorded in TAIFEX database is also included, such as the trading dates, investor codes, trading positions, put or call options, trading volumes, opening or closing positions, etc. Additionally, the put-call ratio introduced by Pan and Poteshman (2006) is also employed to analyze the impact of option market information on the volatility of an emerging stock market, namely the Taiwan stock market.
According to the comparison of the empirical results with the models merely considering the volatility indicator, the predictive performance of the models that incorporate both the volatility indicator and option market information is improved substantially. (The adjusted R 2 of the models is increased by 88%). Among all of the volatility indicators, the average implied volatility of put and call options has the greatest predictive power, followed by the implied volatility of the put options and the TVIX. The empirical results of this paper show that the predictive power of the TVIX remains fairly close to that of the implied volatility, irrespective of the models adopted. Its performance exceeds that of the implied volatility of the call options in some scenarios. The results are consistent with the findings of Majmudar and Banerjee (2004) , Corrado and Truong (2007) , and Whaley (2009) . Therefore, the results of our study show that the VIX is a powerful predictive indicator for the stock market volatility in the emerging markets, as documented in Taiwan. Investors can thus make use of the volatility index to further understand the stock market movement and adjust their international portfolios accordingly. In addition, the information variables from option market in this research are divided into four components, which are constructed by the Put-Call ratios from four different types of investors trading in option market, including the foreign institutional investors, domestic institutional investors, individual investors, and market makers. The results of the study also reveal that the information flows from foreign institutional investors have significant predictive power in terms of future volatility of TAIEX spot index, as documented in Chang et al. (2010) .
Background and Related Work
In the 1987 U.S. stock market crash, the New York Stock Exchange (NYSE) launched the "Circuit Breakers" mechanism, which can manually suspend stock trading if stock prices fluctuate abnormally, in order to stabilize stock markets and protect investors. This mechanism has been used to reduce abnormal fluctuations in the stock market, stabilize market orders, and reassure investors since then. In 1993, the CBOE launched a volatility index to observe market volatility by using the prices of the most heavily-traded S&P 100 index options (OEX) (Note 2). In 2003, the CBOE adjusted its original volatility index and switched the measurement target to the S&P 500 index options in attempts to deliver the information for the stock market volatility over the next 30 trading days. Whaley (2009) pointed out that there are two important implications of promoting the VIX. First, the VIX can provide a criterion for measuring the short-term market volatility. Second, its related derivatives can also offer investors more choices, for instance, in investment portfolio management and risk management. Therefore, the CBOE launched futures and options based on the VIX in May 2004 and February 2006, respectively. The difference between the VXO and the VIX has been investigated extensively by academics, researchers, and investors. Mark (2003) indicated that the VIX is generally 3.8% lower than the VXO. The VIX and VXO have been shown to have similar analytical capabilities in predicting the future market volatility. Mayhew and Stivers (2003) studied the top 50 most heavily-traded options of the CBOE and demonstrated that the VXO contains more information. However, no consensus was reached with respect to the lightly-traded options. Whaley (2000) analyzed the S&P 100 index and the VXO and suggested that the relation between stock market returns and VXO variation is asymmetric. Aboura and Villa (2003) analyzed and compared the volatility indices of the U.S. (VXO), France (VXI), and Germany (VDAX) and pointed out that the VXO, the VXI, and the VDAX are useful tools to predict the future volatility. Whaley (2009) studied the connection between the VIX and the stock markets and indicated that the movement trends in the VIX exhibits a rather powerful explanation for the change in the performance of S&P 500 index portfolio.
Some other studies focused on the information content of VIX derivatives. Becket et al. (2009) and Chung et al. (2011) suggested that VIX options essentially possess the incremental information about the future dynamics of the S&P 500 index. The results of their studies show that the predictions of returns, volatility, and density in the S&P 500 index are improved significantly by using the information embedded in the VIX options for various measures of realized volatility. Chen et al. (2011) demonstrated that adding the VIX-related assets can enlarge the investor's investment opportunity set. Daigler and Rossi (2006) and Szado (2009) reported that the potential diversification benefits of adding a long VIX and VIX futures to the base portfolio are significant. Although the VIX derivatives have achieved widespread recognition, it is still challenging on the pricing of VIX options and futures. Several studies have explored the pricing of VIX options and futures under various approaches (see Zhang and Zhu, 2006; Seep, 2008; Lin and Chang, 2009; Zhang et al., 2010; Wang and Daigler, 2011) . In contrast to the studies of the theoretical models, Konstantinidi et al. (2008) and Konstantinidi and Skiadopoulos (2011) investigated the information efficiency of the VIX futures. Shu and Zhang (2011) suggested that although the VIX futures have some price-discovery function, overall the VIX futures market is still considered informationally efficient.
Additionally, the prediction of market volatility has been a research focus in the fields of investment decisions and portfolio management. Day and Lewis (1992) and Canina and Figlewski (1993) conducted studies on S&P 100 index options and individual stock options and reported that the historical volatility is better than the implied volatility in predicting the future volatility of stock markets. However, the results of their studies may be attributed to the overlapping samples selected in the research and the maturity mismatches of the samples (Yu, Lui, and Wang, 2010) . Christensen and Prabhala (1998) utilized the non-overlapping samples to restudy S&P 100 index options and documented that the implied volatility is superior to the historical volatility in predicting the future market volatility. Szakmary et al. (2003) explored 35 major futures and options markets in the U.S., and their findings corroborated the fact that the implied volatility predicts the future market volatility better than the historical volatility. Similar results were also found by Corrado and Miller (2005) and Carr and Wu (2006) , who showed that the VIX outperforms the historical volatility and the volatility estimated from GARCH models in forecasting the S&P 500 index volatility. Yu et al. (2010) studied the exchanges and OTC markets in Hong Kong and Japan and concluded that the implied volatility is a better predictor of the future volatility in the exchanges and OTC markets than the GARCH volatility forecasts and the historical volatility. Granger (2003, 2005) reviewed the volatility prediction research papers of the past 20 years. In these papers, the implied volatility achieves the best predictive power, followed by the volatility from GARCH models, the historical volatility, and the volatility from stochastic models.
The research discussed above mainly focused on the U.S. markets. After the CBOE launched the new volatility index in 2003, the findings of most empirical studies indicate that the VIX is an excellent predictor for the future volatility of well-developed security markets. Nowadays the international financial markets have become closely connected, and the empirical studies from other security markets outside the U.S. should also be performed, especially those from the emerging markets. For instance, Taiwan also constructed the volatility index of Taiwan stock index options in 2006. Thus, this study aims to fill a gap in the research by exploring the predictive power of the volatility index in one of the emerging markets, Taiwan. The calculation of the volatility index is performed independently of the derivative pricing models and entails a kind of forward-looking concept, which is different from the implied volatility derived from the option pricing model. Based on the research design of Corrado and Miller (2005) and Yu et al. (2010) , the volatility index is first included in the analysis model of the study. Then, the information sets of options are further included, such as the trading volume for index options and for different types of investors, to examine the explanatory power of the volatility index in predicting the future volatility in the emerging stock markets. Finally, the empirical results of the study are also compared with those measured by the historical volatility, the implied volatility, and the volatility estimated from GARCH models. The findings of the study will provide investors with more comprehensive information about the future market volatility and thus improve their investment decisions and portfolio performance.
Methodology and Research Models

Data Source
volume, and open interest of Taiwan stock index options are collected from the Taiwan Economic Journal database.
(2) The valuable detailed transaction data of Taiwan stock index options for different types of investors are collected from TAIFEX database, including the trading dates, investor codes, trading positions, put or call options, trading volumes, opening or closing positions, etc. The volatility index (TVIX) of Taiwan stock index options and the trading information for the different types of investors in option markets are also provided by TAIFEX, including the foreign institutional investors, domestic institutional investors, individual investors, and market makers. This study analyzes the time period between December 1, 2006 and March 31, 2010 , matching the period in which the TAIFEX aggressively promoted the volatility index.
The Research Models
This study follows the methods of Alizadeh et al. (2002), Szakmary et al. (2003) , Covrig and Low (2003) , Chang et al. (2010) , and Yu et al. (2010) in measuring the related volatilities and building the research models. The research methods of Ni et al. (2008) and Chang et al. (2010) are employed to measure the daily realized volatility of Taiwan stock market. As the volatility index and implied volatility are both annualized figures, this study also adopts the methods of Claessen and Mittnik (2002) and Yu et al. (2010) to annualize the volatility measures by using 250 trading days, so as to reconcile the data periods. The formulas for estimating the realized volatility and the historical volatility are listed below:
where t ARV and t HV are the realized volatility (annualized) and the historical volatility (annualized) of the TAIEX on day t, respectively. t H and t L are the highest and the lowest prices of daily TAIEX on day t, respectively. t C is the closing price of daily TAIEX on day t , and i is the lag length (i = 1, 5, 10, 20) . In order to investigate whether the volatility index is an unbiased estimator of the future market volatility and whether the volatility index is better in predicting the future market volatility than the implied volatility, the historical volatility, and the GARCH forecast volatility, the research models are further built up as follows:
where t TVIX denotes the volatility index derived from the TAIEX options on day t. t IV is the implied volatility on day t. t GFV is the volatility forecast by the GARCH model on day t. The equations of Black-Scholes are used to inversely derive the annual volatility implied from the market prices of options. The implied volatility represents investors' expectations of the future volatility of stock returns and helps investors determine whether the option prices are reasonable. The implied volatilities of put and call options may differ because of the differences in moneyness between the call and put options. To mitigate the problems in measuring the implied volatility, this research adopts three different measures of the implied volatility in our analysis, including the implied volatility of the (nearest) at-the-money call option (IV_C), put option (IV_P), and the averages of both (IV_A) with the shortest maturity (of at least five trading days) (Note 3). As the calculation procedures are quite complicated, this study uses the Newton-Raphson approximation method to measure the implied volatility. To avoid the observation errors generated by the implied volatility when it is an independent variable that may affect the results of regression, this study adopts the untransformed and the log-transformed data of the volatility measures, as in Corrado and Miller (2005) .
This study is designed primarily to test the predictive power of the volatility index in terms of the future market volatility in one of the emerging markets. The volatility index, constructed according to the new version of the CBOE VIX computation formulas in 2003, is based on a series of different exercise prices of the TAIEX options. Such a volatility index is not derived from any specific option pricing model, and its calculation is also irrelevant to any other option pricing models. Instead, it is derived from the weighted average of the put and call option premiums. In order to reconcile the volatility measures across different models, the volatility index (TVIX) used in this study is calculated as follows (Note 4).
where T refers to the time to expiration. F is the forward index level derived from the index option prices. K i is the strike price of i th out-of-the-money option. K i denotes the interval between two strike prices, measured by half the difference between the strike prices on either side of K i . K for the lowest strike price is simply the difference between the lowest strike price and the next higher strike price. Likewise, K for the highest strike price is the difference between the highest strike price and the next lower strike price. K 0 is the first strike price below the forward index level F. R is the risk-free interest rate to expiration. Q(K i ) is the midpoint of the bid-ask spread for each option with strike price K i .
The TVIX measures the 30-day expected volatility of the TAIEX. It uses the put and call options with the two nearest expiration terms (near-term and next-term). In order to minimize pricing anomalies that might occur close to expiration, the near-term options must have a maturity in excess of one week. When the near-term options have less than one week until expiration, the TVIX rolls to the second and third TAIEX options contract months. T is calculated in minutes rather than days in order to assure the precision. The time to expiration is calculated by the following formula:
where M Current day , M Settlement day and M Other days are the minutes remaining until midnight of the current day, the minutes from midnight until 8:30 a.m. on the settlement day of TAIEX options, and the total minutes in the days between the current day and the settlement day, respectively. Furthermore, Engle (1993) claimed that the conditional variance in the GARCH model is more effective in predicting the volatility of stock returns than the historical volatilty. Based on the methods proposed by Brailsford and Faff (1996) , Covrig and Low (2003) , and Yu et al. (2010) , this study also uses the volatility estimated from the GARCH model to forecast the future volatility of stock markets. The conditional mean and conditional variance equations of stock returns are defined below.
where t R , t h , and t  are the daily return, the conditional variance of returns, and the residual of returns on the weighted average stock index on day t, respectively. According to Engle and Bollerslev (1986) and Yu et al. (2010) , a rolling-over method is adopted to obtain the volatility estimated from the GARCH model in equation (11).
h is the volatility in period (t+1), which is derived from the parameter estimates of β 1 and β 2 for t-250~t days. Similarly, 2  t h is the volatility in period (t+2) derived from the parameter estimates of β 1 and β 2 for t-249~t+1 days. In order to reconcile the comparative bases, the variance t ĥ estimated by the GARCH model is also adjusted and annualized according to equation (12). We incorporate the results of the estimated GFV t into equation (6) to compare its predictive power with the volatility index, historical volatility, and implied volatility. 
Different from the index spot markets, the index option markets are highly-leveraged security markets. After investors pay the option premium, they are entitled to purchase or sell a certain amount of the underlying assets from or to the sellers of contracts based on the exercise prices stipulated on the option contracts. If investors expect future stock prices to be on the rising trend, they would tend to buy call options or sell put options. On the contrary, if they predict future stock prices to be on the downward trend, they would tend to buy put options or sell call options in order to make profits. Jayaraman et al. (2001) , Kawaller et al. (2001) , Pand and Poteshman (2006) , and Fung (2007) found that the trading volume and open interest of option markets possess the explanatory power regarding the future volatility of stock prices. The trading volume and open interest of option markets may reflect investors' expectations of future movement in stock markets. Thus, the paper further incorporates the market information from the option transactions, including the trading volume and open interest of option markets, into our models for analysis. The realized volatilities of the past five days (ARV t-1~A RV t-5 ) are also included as the control variables (Note 5). The model is defined below. where Volatility t-i in equation (13) 
represents IV_A t-i , IV_C t-i , IV_P t-i , TVIX t-i , or GFV t-i on day t-i. VOL t-i stands for the trading volume of options on day t-i, and OI t-i represents the open interest of options on day t-i.
In addition, our models further analyze the valuable dataset provided by the TAIFEX, which classifies the related information of option transactions (such as the trading dates, trading time, investor IDs, types of options, settlement dates, strike prices, number of contracts, and opening/closing positions) by different types of investors (such as the foreign institutional investors, domestic institutional investors, individual investors, and market makers). The trading information from different types of investors is further included to analyze the predictive power of each model for future stock market movement. According to the definitions introduced by Pan and Poteshman (2006) , this study adopts the information variables of the put-call ratios for different types of investors. The put-call ratio is measured as follows:
P t and C t are the number of put and call option contracts purchased by different types of investors to open new positions on day t. If an investor is informed of negative private information on an underling stock and acts on this information by building new long put option positions, the put-call ratio would increase. On the other hand, building new long call option positions based on positive private information would lower the put-call ratio. To strengthen our analysis, this study also utilizes the public information variables of the trading volumes of put and call options. The put-call ratio of public information is determined from the volume of put and call options purchased by different types of investors. Thus, the models highlight the distinctive influences of private and public information. The information-based model is described as follows (Note 6): (15) where FI t , II t , DI t , and MM t are the Put-Call ratios of the foreign institutional investors, individual investors, domestic institutional investors, and market makers on day t, respectively. The predictive power of different volatility indicators and different types of investors toward future market volatility can be determined in equation (15). Table 1 summarizes the descriptive statistics of the realized volatility (ARV), implied volatility (IV_A, IV_C, IV_P), volatility index (TVIX), and GARCH forecast volatility (GFV). Among the volatility indicators, the IV_P has the highest mean value, followed by TVIX and IV_A, and GFV has the lowest mean value. The values of skewness are positive for all variables, indicating the data distributions are skewed to the right. Moreover, the statistics of kurtosis show that the distributions of all variables appear to be leptokurtic except the GFV. Table 2 reports the correlation coefficients for the main variables used in our empirical analysis. The correlation matrix demonstrates a positive correlation coefficient of about 0.5 between the realized volatility and other volatility indicators. Furthermore, the correlation between IV_A, IV_P, and TVIX is as much as 0.95, implying that the implied volatility and the volatility index may have a very similar capacity to predict the realized volatility. Figure 1 shows the trends of the TAIEX and different volatility indicators. Struck by the worldwide financial tsunami of the century caused by the U.S. sub-prime mortgage crisis, the TAIEX fell around 58%, from 9,809 to 4,089. The realized volatility calculated for this period reached a peak of 113.49% on October 27, 2008. The TVIX reached 60.41%, which is the highest level of TVIX during the research period. It indicates that investors were panicky. Therefore, the selling pressure was amplified and reflected in the TVIX. It is important to note that the trends of the TVIX and the IV_A are very close to that of the realized volatility. Thus, we expect that the predictive power of both volatility indicators would be very similar.
Empirical Results
Summary Statistics
Comparison of Different Volatility Indicators
The empirical results for the predictive power of each type of volatility indicator regarding the future market volatility are shown in Table 3 (Note 7). Panel A is for the untransformed data and Panel B is for the log-transformed data. The regression coefficients, t-statistics, R 2 , adjusted R 2 , and F Value from all models are recorded in the Table. The empirical results reveal that when different volatility indicators are used as a single independent variable, the regression coefficients of the volatility indicators are significantly positive at the 1% level, regardless of whether the untransformed data or the log-transformed data are used. The highest t-statistic is 21.7287 for IV_A, followed by 20.6674 for IV_P and 20.2658 for TVIX, based on the log-transformed data with the lag length equal to 1 (i=1) . The values of the adjusted R 2 are 0.3641, 0.3411 and 0.3324, respectively.
In addition, we further include HV t-i in equations (4) In general, when a single volatility indicator is adopted as an independent variable in the model, regardless of the lag periods (i = 1, 5, 10, or 20), IV_A generates the best predicative performance, followed by IV_P, TVIX, GFV, IV_C, and HV. As documented in Christensen and Prabhala (1998), Szakmary et al. (2003) , and Yu et al. (2010) , the predictive performance of the implied volatility is better than that of the historical volatility. Meanwhile, the predictive power of the TVIX is very close to that of the implied volatility. As reported in Aboura and Villa (2003) and Whaley (2009) , the volatility index is an effective predictive indicator of the future market volatility. In addition, the results suggest that the explanatory power (adjusted R 2 ) of all models is reduced when the number of lag periods i increases. The models with the lag period equal to 1 (i=1) have the higher explanatory power. It implies that the ability of volatility indicator to reflect market information is better in shorter time periods. Regardless of whether the sample data are log-transformed, the empirical results are identical and the ranking of the predictive performance of volatility indicators is not affected. After HV is incorporated into equations (4)~(6), the results remain the same and the values of adjusted R 2 in most models slightly increase. Overall, the results suggest that the volatility indicators adopted in this study have significant impacts in determining the future realized volatility.
Incorporation of the Control Variables
From the results of the above analysis, we found that each type of volatility indicator is able to reflect the market information of recent periods. Thus, this paper incorporates the realized market volatility of the past 5 days into the models as the control variables to observe whether the results would be affected by including the recent realized volatility. The empirical results are listed in Table 4 . The results show that the explanatory power of the models including the control variables (ARV t-1~A RV t-5 ) is significantly enhanced, compared with that of the models with one single volatility indicator. The maximum value of model adjusted R 2 is 0.4020 (based on the log-transformed data with the lag length equal to 1 (i=1)). The coefficients of IV_A, IV_C, IV_P, TVIX, and GFV are all significantly positive at the 1% level. When the ARV t-1~A RV t-5 are added into the regression models, the coefficients of the ARV t-1 and ARV t-2 are all significantly positive at the 1% level, whereas most coefficients of the ARV t-5 are significantly positive at the 10% level. These results are in line with the expectation that market information from the recent periods can effectively reflect the future volatility.
The overall results of Table 4 are similar to those previously analyzed. The model adopting IV_A as an independent variable achieves the greatest predictive performance, and the performance of TVIX is quite close to that of IV_A, suggesting that the implied volatility and the volatility index are good indicators in predicting the future volatility of stock markets. Furthermore, the results also suggest that the models including ARV t-1~A RV t-5 perform better than those without ARV t-1~A RV t-5 in terms of predicting the future realized volatility.
Inclusion of the Option Market Information
Pan and Poteshman (2006) and Fung (2007) addressed that the option market information may reflect the future market volatility. Table 5 reports the empirical results generated upon the inclusion of option market information, such as the trading volume and open interest of option markets. The empirical results show that the coefficient of each volatility indicator is statistically significant at the 1% level. The coefficients of VOL in most of the models are statistically significant at the 10% level. It proves that the option trading volume can indeed reflect the future market volatility. The results coincide with the findings in Jayaraman et al. (2001) , Kawaller et al. (2001) , Poteshman (2006), and Fung (2007) . As the empirical results of the open interest are not the same as those of the option trading volume, the information covered in the option trading volume may have included the information set covered in the open interest. Incorporating the option market information in the model can slightly enhance the explanatory power of the models. The maximum value of model adjusted R 2 is 0.4043 (based on the log-transformed data with the lag length equal to 1 (i=1)). Finally, among all the models, the model using the IV_A as an independent variable achieves the greatest predictive performance, followed by the models using the TVIX and IV_P.
Incorporation of the Information from Different Types of Investors
The TAIFEX launched TAIEX options in December 24, 2001 and recorded the detailed information of each transaction. The trading volume of put and call options will affect the volatility of stock markets. The valuable dataset provided by the TAIFEX enables us to further classify the types of option transactions. By adopting the approach reported in the prior studies of Pan and Poteshman (2006) and Chang et al. (2009) , we divide the investors into four types: the foreign institutional investors, domestic institutional investors, individual investors, and market makers. We also use the information variables of put-call ratios developed by Pan and Poteshman (2006) to conduct our analysis. In order to strengthen our analysis, we adopt the public information variables and private information variables in our empirical analysis. For the public information variables, the put-call ratios of different types of investors are measured based on the volume of long call and long put option contracts. For the private information variables, the P t and C t are the number of put and call option contracts purchased by different types of investors to open new positions on date t. Table 6 lists the empirical results of the equation (15) for the models including the public information variables (in Panel A) and the private information variables (in Panel B). The empirical results are similar between the models including the public information variables and private information variables. The positive relationship is found between the volatility indicators (IV_A, IV_C, IV_P, TVIX, and GFV) and the realized volatility (ARV), and the coefficients are significant. The trading information from different types of investors is likely to generate different results. Most coefficients of the put-call ratios of foreign institutional investors (FI t ) are significantly positive at the 5% level, whereas most coefficients of the put-call ratios of market makers (MM t ) are negative and significant. However, the information variables of individual investors and domestic institutional investors are not statistically significant. The results indicate that foreign institutional investors are able to predict the market volatility more precisely than the other three types of investors. The results are consistent with the findings of Chang et al. (2009), who pointed out that foreign institutional investors have the significant predictive power in the Taiwan stock market. Meanwhile, market makers consistently play the role of matchmaking or revising quotes. When market volatility is high, the need for matchmaking or revising quotes would tend to be reduced. Therefore, the coefficients of MM t are significantly negative with respect to ARV. Finally, we found that the explanatory power of the models is significantly enhanced through the incorporation of the trading information variables (put-call ratios) of different types of investors.
The adjusted R 2 values of the models adopting both the option information variables and the volatility indicator are enhanced by 88% (from 0.2373 to 0.4457), compared with those of the models adopting the single volatility indicator. When the private information terms are included, the explanatory power (adjusted R 2 ) of the models is able to reach a maximum of 0.4457. Except for the models using IV_C and GFV as an independent variable, the adjusted R 2 values of other models all exceed 0.40, indicating that the models including the IV_A, IV_P, or TVIX, as well as the investors' option trading information variables, can significantly enhance the explanatory power in terms of the future volatility of Taiwan's stock market. Similar to the findings previously mentioned, the models incorporating IV_A as an independent variable perform the best, followed by the models including TVIX and IV_P, whose results are very close to those of IV_A.
Conclusions
This paper investigates the predictive power of different types of volatility indicators in Taiwan's stock market, including the historical volatility, the implied volatility, the TVIX, and the GARCH forecast volatility. Different models are developed to examine the explanatory power of the volatility indicators in predicting the stock market volatility. Furthermore, the detailed trading information compiled in the dataset of the TAIFEX is used to explore the influence of the information from option markets on the stock market volatility. Finally, our study compares the various models of volatility indicators, incorporating the trading information of different types of investors from option markets into the models and verifying the applicability of the volatility index to the emerging markets, in an attempt to fill the gap in the research. The empirical results of our study suggest that the models including the option market information perform better than the models merely adopting a single volatility indicator. As for the predictive power of the volatility indicators, the implied volatility is demonstrated to have the best predictive power, followed by the TVIX, with both generating the similar results. However, the performance of the historical volatility and the GARCH forecast volatility is inferior to that of the implied volatility and the TVIX in determining the future realized volatility. The conclusions generated by this study conducted on the implied volatility and historical volatility coincide with the findings of Christensen and Prabhala (1998), Szakmary et al. (2003) , and Yu et al. (2010) . Compared with the implied volatility derived from the Black-Scholes option pricing model, the volatility index is an indicator independent of any option pricing model. It is calculated by the daily information released by the option markets and does not rely on the complicated calculations and assumptions. Therefore, the TVIX is more accessible to investors. The empirical results of our study indicate that the ability of the TVIX to predict the future market volatility is very similar to that of the implied volatility of put options. In various types of models, the predictive This table reports the regression coefficients and t-statistics (in parentheses). The number of lag periods is set to be 1 (i=1). * , ** and *** denote significance at the 10%, 5% and 1% levels, respectively.
